Pay for Locally Monitored Performance? A Welfare Analysis for Teacher Attendance in Ugandan Primary Schools * Public sector organizations often rely on reports by local monitors that are costly to verify and that serve twin objectives: to incentivize agent performance, and to provide information for planning purposes. Received wisdom has it that pay for locally monitored performance (P4LMP) will result in collusion and undermine both objectives. But simple Coasian logic suggests the reverse: P4LMP puts transferable money on the table and may enable interested parties to bargain to a more efficient outcome. This paper develops a theoretical model that shows why, and for which parameters, the welfare-enhancing Coasian scenario exists. Focusing on education, we model how the preferences of a teacher (agent) and headteacher (local monitor) affect actual and reported teacher attendance, and how these equilibrium outcomes depend on the financial stakes attached to reports. To capture the value of information, we also consider the welfare of a bureaucracy that makes a costly policy mistake when holding the wrong belief about teacher performance. We test the model and estimate the predicted effects using data from a field experiment in Ugandan primary schools, randomly varying whether head teachers' reports of teacher attendance are tied to bonus payments or not. Consistent with Coasian logic, P4LMP increased actual and reported teacher attendance (by 9 and 15 percentage points respectively) and reduced policy mistakes (by 7 percentage points) relative to unincentivized local monitoring. We use these experimental impacts to undertake a detailed cost-benefit analysis and conclude, even under conservative assumptions, that welfare improved when paying for locally monitored performance.
1 Introduction such as presence, are correspondingly low (Chaudhury, Hammer, Kremer, Muralidharan & Rogers 2006) .
It follows that a policy that reduces these frictions, for instance by making payments based on local monitoring and thus putting transferable resources on the table, could improve the efficiency of service delivery, precisely because of (not despite) the role played by side payments. This paper sets out to answer three related questions at the heart of payment for locally monitored performance-hereafter referred to as P4LMP-in the context of public service delivery. Can P4LMP induce improvements in service providers' behavior? Does P4LMP reduce or improve the quality of reported information for planning purposes? And what is the overall impact of P4LMP on social welfare?
We address these questions in the context of Ugandan primary education, where we explore how incentives for primary school teachers can be effectively designed when based on local monitoring by head-teachers. This is an important issue in Ugandan education: teacher absenteeism levels are such that pupils in rural, northern Uganda receive only 50 effective days of instruction in the entire school year (Wane & Martin 2013) . 1 Remote school locations and limited resources for inspections make local monitors a particularly important source of information on school inputs in this context.
Our analysis combines a theoretical model with empirical results from a field experiment and a representative household survey. To begin, we model how the preferences of both teacher (agent) and head-teacher (monitor) affect teacher attendance and head-teacher monitoring and reporting, and how these equilibrium outcomes depend on the financial stakes attached to the reports. To evaluate the potential trade-off between performance and quality of information, the model also considers the welfare of a bureaucracy that values teacher presence but makes a costly policy mistake if it holds the wrong belief about teacher absence. 2 Next, we conduct a field experiment to provide estimates of the key behavioral effects identified in the theory. Finally, using a welfare criterion suggested by the theory, we combine our experimental estimates with additional data to undertake a cost-benefit analysis of the alternative intervention designs.
The theoretical model delivers three predictions. Relative to unincentivized local monitoring, P4LMP increases the probability of actual teacher attendance, increases the probability of reported teacher attendance (and hence a bonus payment), and has two competing effects on the probability of a bureaucratic policy mistake which leave the overall impact ambiguous. These predictions are driven by both the collusive story and the Coasian logic alluded to above. P4LMP introduces a source of transferable utility between head-teachers and teachers, who use this to bargain to locally efficient outcomes.
The intuition runs as follows. P4LMP puts money on the table. The head-teacher, who plausibly has the bargaining power, can either use this transferable utility to induce the teacher to attend, or collude and file a false report. If the head-teacher cares about teacher attendance, even slightly so, then when the costs of attendance and monitoring are not too high, it will be mutually beneficial for the head-teacher and teacher to agree on a side-contract where the head-teacher effectively 'pays' the teacher to attend.
However, when the cost of attendance is high but the cost of monitoring is not, the head-teacher opts to collude and file a false report. Hence there are more truthful reports (Coasian logic) but also more false reports of teacher presence (collusion). These two forces also explain why the effect on the quality of bureaucratic decision-making has an ambiguous sign. On the one hand, there are parameter values where the bureaucracy receives a truthful report of teacher presence rather than no report of teacher absence, thereby averting a policy mistake. On the other hand, there are also parameter values where it receives a false report of teacher presence instead of a truthful report of teacher absence, thereby inducing a policy mistake.
The model suggests a natural welfare criterion, namely the bureaucracy's payoff, which is higher when the teacher attends and lower when a bonus is paid out and/or a policy mistake is made. Consistent with received wisdom, there are parameter regions where P4LMP reduces the bureaucracy's (ex post) payoff.
However, there are also parameter regions where P4LMP increases this payoff, namely when the cost of attendance is intermediate and the cost of monitoring is not too high. Here P4LMP incentivizes the desired behavior and can also provide unbiased information for policy purposes. The key contribution of the theory is to show why and where this welfare-enhancing scenario exists.
Next, in order to test the theoretical predictions of the model and also deliver a full (ex ante) welfare comparison, we conducted a randomized controlled trial, experimentally varying the existence of financial stakes attached to local reports. This allows us to estimate the sign and magnitude of the three behavioral effects. In one treatment (20 schools), head-teachers were requested to submit reports of teacher attendance using mobile technology. This information was then collated and relayed back to the community.
The second treatment, our P4LMP arm (25 schools) was exactly the same, except that teachers received bonus payments (roughly 30 percent of their monthly salary) if they were reported as present regularly over a month. Another forty schools were randomly assigned to a control.
We conducted our own independent spot checks of teacher presence-both prior to the intervention and during every term that the intervention took place-which we then compared to head-teacher reports.
A school survey captured basic school and teacher characteristics. We also measured learning outcomes and grade retention for a cohort of students that we tested before and after the intervention.
Our empirical results are broadly in line with the predictions of the model. With the introduction of bonus payments, both teacher attendance and reported teacher attendance are higher and policy mistakes due to non-reports of teacher absence are lower. There is also evidence of collusion-absent teachers falsely reported as present-in both treatment arms. However, relative to unincentivized local monitoring, P4LMP reduces policy mistakes.
In addition, we find a substantial increase in pupil enrollment with the introduction of P4LMP. This trend is observed across all grades, but is highest in grades where school dropouts are a serious problem.
The large changes in pupil composition preclude any conclusive claim of impacts on learning. 3 We use these results to undertake a cost-benefit analysis of the alternative intervention designs. In order to place a financial value on the expected total pupil benefit from improved teacher performance, we back out the implied dropout rate in the different treatment arms, using both administrative data on enrollment and repetition, and our own data on retention from the cohort of students surveyed prior to the intervention. We then calculate the financial returns to an additional year of education in Uganda, using earnings and employment data from the Uganda National Panel Survey and previous authors' estimates of the rate of return to education in developing countries. Our school-level estimates of the expected total pupil benefit from P4LMP range from USD 1, 745 to USD 6, 122, depending on assumptions and 3 Performing Lee bounds, the impact is either positive or negative, depending on the assumptions for sample selection. 4 data sources. Our preferred estimate, based on conservative assumptions, is USD 2, 722. Since this figure exceeds the school-level bonus cost of USD 2, 250, it follows that P4LPM passes a cost-benefit test even before considering the quality of information (recall the likelihood of policy mistakes actually fell). Under our most conservative assumptions, P4LMP passes a cost-benefit test only if the welfare gain from avoiding a policy mistake is sufficiently large-specifically, USD 40 per school per day. To provide a benchmark, the Government of Uganda has set a target to spend no more than USD 44 per school inspection (Ministry of Education, Science, Technology and Sports 2014). If we take this as the Government's valuation of information, then we can conclude that even under our most conservative assumptions P4LMP was welfare-enhancing in the context of Ugandan primary education.
The key takeaways from our analysis are that, contrary to received wisdom but in line with simple Coasian logic, P4LMP can improve both service delivery and the quality of information for planning purposes. Moreover, this dual objective can be met sufficiently cheaply to pass a cost-benefit test.
This paper contributes to three aspects of the literature on state effectiveness in poor countries. First, a number of papers have sought to understand how incentives-both pecuniary and non-pecuniaryimpact the effort levels of frontline service providers. Researchers have typically collected the performance metric themselves, whether adminstering student assessments to measure outcomes of provider effort (Muralidharan & Sundararaman 2011) , or administering tamper-proof disposable cameras to measure teacher presence (Duflo, Hanna & Ryan 2012) . Such experiments provide proof of concept, demonstrating a necessary condition for impacts: that agents respond to the performance incentive when ideally administered. But recent attempts to extend 'automated' monitoring to the public sector have proven challenging, notably in health in India (Banerjee, Duflo & Glennerster 2007 , Dhaliwal & Hanna 2014 and in education in Haiti (Adelman, Blimpo, Evans, Simbou & Yarrow 2015) . These experiences underscore the importance of studying, as we do, how monitoring contracts and technologies interact with the preferences of local parties. 4 Second, a small but growing literature documents the prospects of digital technologies to improve public service delivery. 5 As with mobile money, such technologies offer opportunities to circumvent frictions that otherwise lead to market failures (Suri, Jack & Stoker 2012) . Callen and coauthors (2016) demonstrate that information collected by smartphones (in place of paper forms) on health worker absence 'crowds in' central inspections in politically competitive constituencies. Aker and Ksoll (2015) find that phone calls by government officials to local parties (teachers, community representatives, and a random sub-sample of students) improve learning outcomes of an adult education program in Niger. Our paper contributes to this, hitherto empirical, literature by studying a technological intervention that is (a) motivated by theory and (b) utilizes local monitoring coupled with financial incentives.
Third, there is growing interest in applying insights from the public finance literature, particularly welfare analysis, to questions in development economics. Baird, Hicks, Kremer & Miguel (2015) , for example, calculate the long-term financial gain due to improved health of children that received de-worming in Kenya. They argue that the additional tax revenue from future income alone is sufficient to pay for the program. Similar approaches have been taken in recent work on tax policy (Best, Brockmeyer, Kleven, Spinnewijn & Waseem 2015) and unemployment benefits (Gerard & Gonzaga 2014) . Our paper speaks to this interest, deploying an explicit theoretical framework to guide empirical analysis and welfare comparisons.
The remainder of the paper proceeds as follows. Section 2 introduces a theory of local monitoring that yields both positive predictions for monitors' and teachers' responses to alternative treatments and normative, welfare criteria for comparing outcomes under each. Section 3 outlines the field experiment and data. Section 4 uses this data to estimate the sign and magnitude of the behavioral effects predicted by the theory. Section 5 considers the implications for welfare, using the theoretical framework to show how estimated enrollment impacts can be combined with alternative assumptions about the persistence of the intervention's impacts to guide policymakers' decisions between alternative monitoring regimes.
Section 6 offer concluding remarks, including scaling up the intervention in Uganda and external validity.
Theory
The model provides a stylised way to analyse the effect of local monitoring and incentives. We consider three variants which, foreshadowing sections below, we refer to as experimental arms. The basic structure in all arms is that teachers can choose between showing up for work or not. In the Control arm, teacher attendance remains unmonitored. Having pinned down a baseline, we then study how the introduction of local monitoring by the head-teacher, who reports to a government bureaucracy, affects teacher attendance. We refer to this as the Info arm. Next, we investigate how combining local monitoring with financial incentives triggered by the head-teacher's reporting affects teacher attendance, referring to this as the Info & Bonus arm. We compare equilibrium outcomes-teacher attendance, head-teacher monitoring/reporting (and hence bonus payments), and bureaucratic decision-making-as well as the bureaucracy's ex post and ex ante payoffs across the three experimental arms.
Model
Players and actions The economy consists of a teacher (he), a head-teacher (she), a government bureaucracy (it), and n identical pupils. In all arms, the teacher chooses whether to attend school, a ∈ {0, 1}. In the Control arm, the head-teacher plays no active role. In both treatment arms, the head-teacher chooses whether to monitor m ∈ {0, 1}. If the head-teacher monitors, m = 1, she observes a and chooses a public report r ∈ {0, 1}. We will say that the head-teacher sends a truthful report iff r = a.
If the head-teacher does not monitor, m = 0, she cannot send a report. 6 In all arms, the bureaucracy takes a policy decision p ∈ {0, 1}. We will say that the bureaucracy makes a policy mistake whenever p = a. In the Info & Bonus treatment arm, the bureaucracy pays a cash bonus β directly to the teacher iff he is reported present, r = 1. Pupils play no active role under any treatment arm. 6 We provide evidence to support this assumption that monitoring is necessary to send a report in Section 3 below.
Payoffs All players are risk neutral. Net of any side-transfers, the payoffs to the strategic players are:
If the teacher attends school, a = 1, he incurs a (possibly negative) cost of C T . If the teacher attends, the head-teacher and a representative pupil receive private benefits of ε H and ε P . If the head-teacher monitors, she incurs a (possibly negative) cost of C H . Reporting entails no further cost for the headteacher but a mark of absent, r = 0, imposes a reputational cost of δ on the teacher. If the head-teacher is indifferent, we assume that she reports truthfully. Finally, a policy mistake entails a loss of κ for the bureaucracy. We will use the bureaucracy's payoff-i.e. the total pupil benefit from teacher attendance less the cost of the cash bonus and/or a policy mistake-as our welfare criterion.
Key assumptions The costs C T and C H are observed by the head-teacher and teacher but not by any other player. From the bureaucracy's perspective, these costs are random variables. For convenience, we assume that realizations are drawn independently from uniform distributions. The lower and upper support of the distribution of C T are denoted by C T and C T . To calibrate the model to the baseline absenteeism rate, we assume −C T > C T > 0 (so that attendance in Control schools is more than 50%).
The lower and upper support of the distribution of C H are denoted similarly, although here we simply
Again for convenience and in the spirit of rationalizing baseline absenteeism, we assume that the bonus β is the only source of transferable utility. 7 Relatedly, we assume that sidecontracts sharing β are costless and enforceable, and that the head-teacher can commit to monitor.
Finally, we assume that parameters satisfy
implying that the pupil gain from teacher attendance must be sufficiently high. As we show in Appendix A, this is a sufficient condition for the bureaucracy to choose a cash bonus satisfying β ≥ ε H in the Info & Bonus treatment. Focusing on this case simplifies the exposition of the results.
Timing To emphasize the differences across arms, it is worth spelling out the order of play. The timing in the Control arm is:
0. Nature draws a realization of C T and reveals this cost to the teacher.
1. The teacher chooses whether to attend school, a ∈ {0, 1}. Simultaneously, the bureaucracy chooses a policy decision p ∈ {0, 1}. Payoffs are realized and the game ends.
The timing in the Info arm is:
7 If all sources of utility were transferable, then (via Coasian logic) the players should reach a jointly efficient outcome. The high rates of absenteeism reported above suggest this is not the case. In reality, δ might be partly transferable. We assume non-transferability to make the distinction between the Info and Info & Bonus arms as clear as possible.
0. The bureaucracy announces the monitoring scheme. Nature draws realizations of C T and C H and reveals both of these costs to the teacher and the head-teacher.
1. The head-teacher chooses whether to make an announcement to the teacher. An announcement R(a) commits the head-teacher to monitor, m = 1, and specifies the report r that the head-teacher will send to all players following each possible action a.
2. The teacher chooses whether to attend school, a ∈ {0, 1}.
3. If the head-teacher made the announcement at Stage 1, she monitors and sends the public report r = R(a). Otherwise, the head-teacher takes no action.
4. The bureaucracy chooses a policy decision p ∈ {0, 1}. Payoffs are realized and the game ends.
The timing in the Info & Bonus arm is: 0. The bureaucracy announces the monitoring and incentive scheme. Nature draws realizations of C T and C H and reveals both of these costs to the teacher and the head-teacher.
1. The head-teacher chooses whether to make a side-contract offer to the teacher. A side-contract < R(a), τ > commits the head-teacher to monitor, specifies the report r that the head-teacher will send to all players following the action a and specifies the side-transfer τ that the teacher will pay to the head-teacher in the event that r = 1.
If the side-contract is accepted at Stage 1, the game continues as follows.
3. The head-teacher monitors and sends the public report r = R(a). If r = 1, the bureaucracy pays β to the teacher who then transfers τ to the head-teacher.
If the side-contract is not accepted at Stage 1, the game proceeds as in the Info arm except that at Stage 3 the bureaucracy transfers β to the teacher in the event that r = 1.
Analysis
We present our theoretical results graphically, relegating the formal details to Appendix A. Referring to Figures 1 to 3, we state equilibrium outcomes for teacher attendance, head-teacher monitoring/reporting (and hence bonus payments), and bureaucratic decision-making. Collecting these outcomes together, we then compare the bureaucracy's ex post payoff (realized after attendance and monitoring costs have been drawn by nature and players have made their moves) across experimental arms. Since these cost realizations are unknown to all but local players, our welfare criterion is the bureaucracy's ex ante payoff (taking expectations over costs and anticipating equilibrium play). Our analysis concludes with a welfare ranking of the experimental arms, based on the bureaucracy's ex ante payoffs.
Teacher attendance Figure 1 plots realisations of the monitoring cost, C H , and attendance cost, C T , for which the teacher chooses to attend school. Here, as in subsequent figures, the remaining parameters are held fixed at ε H = 8, δ = 3, and β = 10. Naturally, the teacher chooses to attend if he derives an intrinsic benefit from doing so. The area below the x−axis therefore represents the baseline probability of attendance in the Control arm. The dark blue shading shows the region of the parameter space where the teacher attends in the Info arm but is absent in the Control arm; i.e. where the local monitoring technology changes the teacher's behaviour from absence to attendance. The light blue shaded area is where the teacher attends in the Info & Bonus arm but is absent in the Info and Control arms. In this parameter region, the availability of financial incentives in addition to the local monitoring technology changes the teacher's behaviour from absence to attendance. We refer to this as the attendance effect of local monitoring and incentives.
The intuition behind Figure 1 is straightforward. Teacher attendance is higher in the Info arm than in the Control arm because the head-teacher is able to leverage the reputation cost δ to secure the benefit ε H . If δ exceeds the attendance cost C T , and ε H outweighs the monitoring cost C H , then the players reach an equilibrium where the head-teacher commits to monitor and report truthfully, and the teacher attends. Teacher attendance is higher still in the Info & Bonus arm because there is now transferable utility on the table, in the form of the incentive bonus β. The head-teacher can either use this transferable utility to induce the teacher to attend, or she can collude and file a false report. If the attendance cost is intermediate-higher than δ but less than ε H -and β and ε H together exceed the combined attendance and monitoring costs (a joint efficiency requirement), the head-teacher opts for the former outcome. The players reach an equilibrium where they first agree on a side-contract that commits the head-teacher to monitor and report truthfully and the teacher to share some fraction of the bonus, and the teacher subsequently attends. Hence, the attendance effect stems from the fact that the bonus β is both bigger and more transferable than the reputation cost δ. Figure 2 plots cost realizations where the head-teacher chooses to monitor and report the teacher absent, or present (thereby triggering the bonus). Clearly, the head-teacher chooses to monitor if she derives an intrinsic benefit from doing so.
Head-teacher monitoring/reporting and bonus payments
But she may also choose to monitor to induce teacher presence. In the Info arm, this happens in the area above the x−axis and to the right of the y−axis where the local monitoring technology changes the teacher's behaviour from absence in the Control to attendance in the Info arm (i.e. the dark blue region in Figure 1 ). Lacking any incentive to do otherwise, if the head-teacher chooses to monitor, then she reports truthfully. The black shading shows the region where the head-teacher monitors and reports the teacher present, while the dark green shading shows where she monitors and reports the teacher absent.
In the Info & Bonus arm, the head teacher again chooses to monitor if she derives an intrinsic benefit from doing so and may also choose to monitor in order to induce teacher presence. The latter happens in the area above the x−axis and to the right of the y−axis where the availability of financial incentives in addition to local monitoring changes the teacher's behaviour from absence in the Control to attendance in the Info & Bonus arm (i.e. the dark blue plus light blue region in Figure 1 ). The crucial difference now is that the head-teacher has an additional reason to monitor, namely to trigger payment of the bonus.
She therefore monitors and reports the teacher present whenever her monitoring cost is less than the bonus, even if this has no causal impact on teacher attendance. It follows that the black, dark green and light green shading together show the region where the head-teacher monitors and reports the teacher present. In contrast to the Info arm, she never monitors and reports the teacher absent.
For what follows, it will be helpful to refer to two effects. The first is the the reported teacher attendance effect of local monitoring and incentives, depicted by the sum of the dark and light green regions in Figure 2 . Reported teacher attendance is higher in the Info & Bonus arm because there are more truthful reports (via the attendance effect) but also more false reports of teacher presence. The second is the payout effect of local monitoring and incentives, depicted by the sum of all shaded regions.
Intuitively, the head-teacher can either use the transferable utility β to induce the teacher to attend, or she can collude and submit a false report. If the attendance cost is higher than ε H , and providing her monitoring cost can be covered by β, the head-teacher opts for the collusive outcome. Hence, the magnitude of both effects is driven by both the bonus β and the direct benefit ε H .
Bureaucratic decision-making Turning to bureaucratic decision-making, note that there are two separate cases when the (rational and Bayesian) bureaucracy makes a policy mistake. The first case is in the Info & Bonus arm when the head-teacher falsely reports the teacher present. Even though the bureaucracy anticipates that some reports will be false, it is still rational for it to take reported presence at face value and choose p = 1 to minimise the expected loss from making a mistake. 8 In the event that the teacher is actually absent, the bureaucracy therefore makes a mistake. The second case is when the head-teacher does not monitor and the teacher is absent. In all arms, the bureaucracy's rational response to no report is to presume that the teacher is present. 9
These two cases underlie the policy mistakes shown in Figure 3 . The red shading depicts the region of the parameter space where there is a policy mistake in the Control and Info & Bonus arms but not in the Info arm. In the Control arm, this is because there is no report and the teacher is absent, while in the Info & Bonus arm this is because the teacher is falsely reported present. In contrast, in the Info arm the teacher is truthfully reported absent, enabling the bureaucracy to take the correct decision. The dark green shading depicts the region of the parameter space where the bureaucracy makes a policy mistake in the Control arm (no report and the teacher is absent) but not in either of the treatment arms (due to truthful reporting). Finally, the light blue shading depicts the region of the parameter space where there is a policy mistake in both the Control and Info arms (no report and the teacher is absent) but not in the Info & Bonus arm (truthful reporting). Hence, in this region, the availability of financial incentives actually improves the quality of locally collected information.
It follows that the bureaucracy is less likely to make a policy mistake in the two treatment arms than in the Control. To establish whether a policy mistake is more or less likely when financial incentives are available in addition to local monitoring, we must compare the light blue and red areas. We refer to this difference-red minus light blue-as the decision effect of local monitoring and incentives. Under the parameter assumptions in Figure 3 (ε H = 8, δ = 3, and β = 10), the light blue area is larger than the red area, indicating that Info & Bonus has the informational advantage.
The fact that attaching financial incentives to local monitoring reports could improve the quality of information (negative decision effect) may at first seem surprising. But the intuition is simple and follows from the attendance effect. In the light blue region, the bonus serves as additional transferable utility that enables the head-teacher to both cover her monitoring costs and induce the teacher to attend. Without this transferable utility, there is no report and the teacher is absent, leading to a policy mistake. The flip-side in the red region is that, when it is too costly to 'pay' the teacher to attend but the head-teacher is nonetheless intrinsically motivated to monitor, the bonus gives her an incentive to submit a false rather than truthful report. This lack of truthtelling results in a policy mistake. Figure 1 where the gain is nε P from higher teacher attendance and κ from fewer policy mistakes, and the dark green region of Figure 2 where the gain is κ from fewer policy mistakes) or the two arms yield the same equilibrium outcomes and so an identical ex post payoff.
The comparison between Info and Info & Bonus is more complex. Table 1 summarises the differences in equilibrium outcomes across these two treatment arms and highlights six distinct parameter regions (shown in Figure 4 ). The first point to note is that there are cost realisations where the bureaucracy's ex post payoff is lower in the Info & Bonus arm than in the Info arm. In Region 1, the loss is β + κ because the introduction of financial incentives has no causal impact on teacher attendance (the teacher is absent in both arms) but results in a bonus payout and poorer bureaucratic decision-making due to false reporting of teacher presence. This corresponds to the received wisdom noted in the Introduction.
In Regions 4 and 5, the loss is β because there is no causal impact on teacher attendance (the teacher is present in both arms) or bureaucratic decision-making, but again a bonus is paid out. 10 Crucially, there are also cost realisations where the bureaucracy's ex post payoff is higher in the Info & Bonus arm than in the Info arm. In Region 2, the gain is nε P − β because the introduction of financial incentives has a causal impact on teacher attendance, although at the expense of a bonus payout. In Region 3, the gain is nε P − β + κ because additionally there is better bureaucratic decision-making due to truthful reporting of teacher presence. These regions corresponds to the alternative Coasian scenario noted in the Introduction. The contribution of our theoretical model is to show why and where this welfare-enhancing scenario exists.
Expected welfare Recall that our welfare criterion is the bureaucracy's ex ante payoff, taking expectations over C T and C H . Since the bureaucracy's ex post payoff is weakly higher in the Info arm relative to the Control for all cost realizations, local monitoring of performance must increase expected welfare relative to the status quo. On the other hand, attaching financial incentives to local monitoring reports, i.e. moving from Info to Info & Bonus, has an ambiguous effect on expected welfare driven by the contrasting regions highlighted in Table 1 . Specifically, paying for locally monitored performance improves expected welfare only if:
It follows that, while our theoretical model structures the analysis, it only gives a partial expected welfare ranking. For this reason, in Sections 3 and 4 we turn to the data collected via our field experiment to estimate the sign and magnitude of the three behavioral effects in equation (2). In Section 5, we supplement this with data from the Uganda National Panel Survey to estimate the expected total pupil benefit. Finally, using this estimate, we establish whether paying for locally monitored performance improved expected welfare under reasonable assumptions on the social loss from policy mistakes, κ.
3 Field Experiment
Intervention and Experimental Design
We designed two local monitoring schemes where head-teachers were required to submit daily reports of teacher attendance. The two schemes were identical, except that in one intervention the reports also triggered bonus payments. The interventions were implemented in a random sample of 45 primary schools in rural Uganda.
Working with World Vision, we trained head-teachers, assisted by their deputy, in the use of a platform which allowed them to report teacher attendance on a mobile device. This information, combined with a unique identification number of the school, teacher and monitor, was sent to a central database in
Makerere University where project staff processed the data. The platform was added to a phone that we provided, and which was kept at the school. 11 In all the intervention schools we re-broadcast a summary of results of teacher attendance to school stakeholders on a monthly basis via SMS. However, in a random sub-set of these schools teachers would also receive a monthly bonus of UShs 60,000 (USD 23, or roughly 30 percent of their monthly salary) if they were reported as present every week that month. Adopting the language of Section 2, we refer to these schools as belonging to the Info & Bonus arm and the schools where the reports were not combined with bonus payments as the Info arm. No monitoring took place in the control schools.
The study took place in six different districts in 85 rural government schools in Uganda. 12 Stratifying by district, we randomly assigned 40 schools to the control, 20 schools to the Info arm and 25 schools to the Info & Bonus arm. The intervention was implemented in September 2012 at the beginning of the third school term and lasted for a year until the end of the second school term in 2013.
Data Description
Our analysis draws from three sources of data: our own independent spot-checks of teacher attendance, head-teacher reports of teacher attendance submitted by mobile phone, and a school survey. First, we conducted random spot-checks of teacher attendance, both before the intervention started and during every term that the intervention took place: July 2012 (Term 2, pre-intervention), November 2012 (Term 3), April/May 2013 (Term 1), and August 2013 (Term 2). This data is therefore at the teacher-day level:
each observation is a different spot-check for a different teacher. We then matched this data-set of teacher attendance with the monitor reports that took place for the same teacher on the same day. Finally, we conducted a school survey both before the intervention started (July 2012) and after it was completed (November 2013), which provides additional information about school and teacher characteristics. 
Empirical Strategy
Our main specification is a simple cross-sectional comparison across all treatment arms and is estimated using the following equation
where: Y i,s,t is the outcome for teacher i in school s in post-treatment time period t; δ t are time dummies for each of the three rounds of post-treatment data collection; ρ d refers to district fixed effects; (Info) s and (Info&Bonus) s are the two treatment dummies; and ε i,s,t is the error term clustered at the school level, using the wild cluster bootstrap resampling method (Cameron & Miller 2015) . Our preferred specification thus pools treatment impact across the three post-treatment rounds of data collection, as there is no evidence of a change in the impact of the program over time. 13 When our dependent variable is teacher attendance we can also control for baseline data, since we conducted independent spot-checks 13 In Appendix B we allow for time-varying treatment effects and fail to reject the null of coefficient equality over time.
13
prior to the intervention. Here the estimating equation is
where Y i,s,P RE is baseline attendance for teacher i in school s. Finally, when we compare only the two treatment arms we estimate the following equation for a restricted sample which excludes the Control schools
4 Experimental Impacts
In this section we report the main impacts from the field experiment. Figure 5 presents these findings graphically, while Table 4 shows the underlying regression results. 14 Figure 5 Panel (a) shows that teacher attendance increased when financial incentives were attached to local monitoring. On the days that we conducted independent spot-checks, teachers were 9 percentage points more likely to be present in the Info & Bonus schools compared to the Info and Control schools.
Column (1) of Table 4 confirms that these differences are statistically significant. Attendance was not significantly higher in the Info schools relative to the Control schools. Figure 5 Panel (b) shows that reported teacher attendance was also higher when the bonus scheme was available. In the Info & Bonus schools, teachers were reported as present on 61% of teacher-days with spot-checks, which is 15 percentage points higher than in the Info arm. 15 Column (3) of Table 4 confirms that this difference is statistically significant.
We next turn to policy mistakes, shown in Figure 5 Panel (c). To assess the likelihood of a policy mistake, we compare our spot-check of teacher attendance with the local monitoring report for the same teacher on the same day (if one was submitted). In the figure, the light-blue bars reflect the proportion of teacher-days with spot-checks that the teacher was absent and no report was submitted. This number is 17 percentage points higher in the Control than in the Info arm (33 percent rather than 16 percent);
and 8 percentage points higher in the Info than the Info&Bonus arm (16 percent rather than 8 percent).
Column (5) in Table 4 shows that these differences are statistically significant at the 1 percent level. The maroon bars reflect the proportion of teacher-days with spot-checks where an absent teacher was falsely reported as present. Contrary to the theoretical prediction, we also observed false reporting in the Info arm. 16 Furthermore, the head-teacher was no more likely to falsely report an absent teacher as present in the Info & Bonus arm. For completeness, the grey bars depict teacher-days with spot-checks where the monitor falsely reported a present teacher as absent. In both treatment arms this number is sufficiently 14 In Table 4 , Columns (1) and (3) to (5) report the results of a simple cross-sectional comparison, estimated using equations (3) and (5). Column (2) also controls for baseline presence and is thus estimated using equation (4). The first two columns show the impact of the two treatment arms relative to control, and are thus estimated using equations (3) or (4). The third columns shows the impact of the Info & Bonus arm relative to the Info arm and is thus estimated using equation (5). 15 We use the restricted sample of teacher-days on which we conducted independent spot-checks to ensure comparability and consistency across the empirical tests. Results hold for the larger sample of all monitor reports.
16 An obvious way to rationalize this finding is via some degree of transferable utility in the reputational cost term δ.
14 close to zero to be consistent with reporting error.
Although our theory was ambiguous as to the sign of the decision effect, we can resolve this empirically.
The height of each bar in Figure 5 Panel (c) shows the overall probability of a policy mistake. This probability is close to 7 percentage points higher in Info schools than in Info & Bonus schools, a difference that is statistically significant at the 5 percent level as shown in Column (4) of Table 4 . 17 Local monitoring and reporting therefore allowed for better decision-making in the Info & Bonus arm than the Info arm.
To summarize, we find that the experimental impacts are broadly consistent with the theory. Teacher attendance and reported teacher attendance are higher in the Info & Bonus schools compared to Info and Control schools; and the first source of policy mistakes −head-teachers failing to monitor and report teacher absence− is higher in the Info and Control schools than in the Info & Bonus schools. The second source of policy mistakes−head-teachers falsely reporting teacher presence− runs counter to the theory, however. Rather than finding that the bonus reduced information quality, we actually observed that headteachers were equally likely to misreport teacher presence in both treatment arms. Taken together, these results indicate that attaching financial incentives to local monitoring reports was effective at increasing teacher attendance and reducing policy mistakes.
Robustness As a robustness check we test for a Hawthorne effect. The reader might be concerned that our own independent spot-checks lead to higher teacher attendance. This could bias our results if the impact of our presence varied between treatment arms. For example, teachers in the Info & Bonus arms might have been more responsive to our visits, if they believed it could have an implication for their bonus payments. To test for a Hawthorne effect, in the first term of the experiment we visited some schools more than once during each round of spot-checks and randomly varied the frequency of visits: some schools received three visits, and some schools only one visit. Reassuringly, when we regress teacher attendance on the number of spot-check visits in subsequent terms, controlling for district and period fixed effects (not shown), we find no evidence of a Hawthorne effect. The number of visits does not significantly impact teacher attendance.
Welfare Analysis
The preceding section delivered estimates of the magnitude of the attendance and payout effects, and both the sign and magnitude of the decision effect. Although these results established that attaching financial incentives to local monitoring reports was effective at increasing teacher attendance and reducing policy mistakes, this does not answer the welfare question: what should a policymaker do? That answer depends not only on the magnitude of behavioral responses to the intervention, but also the cost of bonus payments-in our experiment, an average of USD 2,250 per school-and on the social values, nε P and κ, placed on these outcomes.
We combine our experimental estimates of the behavioral effects with complementary data on social benefits to evaluate welfare using the bureaucracy's expected payoff as the criterion, as proposed in Section 2. We focus here on what we consider to be the more interesting welfare comparison: moving 17 The regression includes the negligible proportion of teacher-days where a present teacher was falsely reported as absent.
from an unincentivized to an incentivized local monitoring scheme, i.e., from Info to Info & Bonus. 18 Plugging the experimental impacts into this welfare criterion in equation (2), we see that the Info & Bonus scheme improves expected welfare only if nε P · 0.08 − κ · (−0.07) > USD 2, 250. The empirical challenge of this section is gauge whether this inequality plausibly holds.
We quantify the expected total pupil benefit from the introduction of bonus payments, nε P · 0.08, in three steps. First, we calculate the impact on net enrollment, using both administrative data and data from a tracked cohort of pupils. Second, we back out gains in grade attainment implied by the enrollment figures. And third we combine data from the Uganda National Panel Survey with estimates from the literature on the causal return to schooling to calculate the increase in the net present value of future lifetime earnings due to higher grade attainment. 19
To anticipate our key conclusion, we find that for a broad set of parameter assumptions regarding the causal return to schooling, and even under extremely conservative assumptions about program impacts on induced grade attainment, it is welfare-enhancing to pay for locally monitored teacher attendance. In fact, for most parameter values the net social gain from attaching bonus payments to local monitoring reports is positive even before we consider the value of reduced bureaucratic mistakes. Since the probability of making a policy mistake was estimated to be lower under Info & Bonus than Info this indicates that welfare improved even under conservative assumptions. Below we summarize the analysis underlying this conclusion, relegating a detailed discussion to Appendix C.
Enrollment Gains
The starting point for our welfare analysis is the observation that the intervention had an impact upon pupil enrollment, as well as teacher attendance. Figure 6 plots average enrollment per grade in Info and
Info & Bonus schools, as reported in the endline survey. Two facts stand out. First, in both treatment arms there is a downward trend in enrollment. This is consistent with the prevailing view that school dropouts are a serious concern in Uganda. 20 Second, at each grade, average enrollment is higher in Info & Bonus schools relative to Info schools, suggesting that paying for locally monitored performance may have been more successful at averting dropouts. Table 5 verifies that the enrollment gain (or rather reduced loss) in Info & Bonus schools is statistically significant, using two different sources of data. The results in Column (1) rely on our baseline and endline survey data and are based on the estimation strategy in equation (4), with the exception that there is now only one post-intervention period. 21 Schools in the Info & Bonus arm report on average 47 more pupils enrolled across all grades compared with Control schools (8 percent increase), and 70 more pupils 18 The welfare comparison between the Info and Control arms is simple (ignoring the fixed costs of setting up the program). Plugging the estimates in the first row of Table 4 Columns (2) and (4) into equation (18) in Appendix A, we get nε P · 0.01 + κ · 0.07 > 0.
19 We do also consider the possibility of using data on learning outcomes. However, for reasons discussed in Section 5.5 below, we feel that this approach is not well suited to our welfare analysis.
20 This is inline with official records indicating that nationwide only 30 percent of pupils enrolled in grade 1 make it to grade 7 (Ministry of Education and Sports, 2014:121). In our Control schools, the number of pupils in grade 7 is on average only 40 percent of the number of grade 1 pupils. 21 Baseline survey data is missing in two schools due to enumerator error, prompting us to use the EMIS 2012 data. We feel confident doing this because our enrollment figures correspond closely to the EMIS data. In fact, the 2013 figures were exactly the same for the two schools with absent 2012 data. Results hold when we drop those two schools from the sample.
compared to Info schools (13 percent increase).
This finding is corroborated in Table 5 Column (2), which reports enrollment for a cohort of 20 pupils surveyed in 2010 as part of a previous study and representative of those enrolled in Primary 3. We tracked the enrollment outcomes of these children during our endline survey in November 2013. In the Control schools, only 34 percent of these children were still enrolled in the same school three years later.
In Info & Bonus schools, the percentage of the tracked cohort still enrolled in 2013 was 14 percentage points higher than in Control schools, and 9 percentage points higher than in Info schools.
The similarity of results across the two different data-sets is reassuring and suggests that the enrollment impacts are due to the introduction of financial incentives. However, a causal impact on enrollment does not necessarily imply a causal impact on grade attainment, as grade repetition and inbound transfers from other schools are also possibilities. We turn to this below.
Moving from Enrollment to Grade Attainment
To model the impact of increased enrollment on grade attainment, we back out the portion of the enrollment gain that is due to 'averted dropouts', rather than grade repeaters, using two separate empirical strategies (see Appendix C.1). Our first approach combines our survey data on enrollment with administrative data on grade repetition. The resulting predictions for averted dropouts by grade are shown in Figure C .2. Our second approach derives annual dropout and repetition rates from differences in reducedform dropout and repetition probabilities observed for the tracked sample surveyed in 2010 and 2013. These estimated annual rates are reported in Table C.1. Armed with these predictions, we conservatively assume that each averted dropout will progress only one additional grade before dropping out.
Moving from Grade Attainment to Earnings
We use data from the 2011/12 Uganda National Panel Survey to estimate the net present value (NPV) of future lifetime earnings for each level of grade attainment, and then calculate the increase in NPV for the pupils who gain a year of schooling, given different assumptions on the causal impact of schooling on earnings and the probability of employment (see Appendix C.2). Table C .3 brings together these steps to deliver a total per-school gain in NPV of future lifetime earnings from the introduction of the bonus scheme. This is our school-level estimate of the expected total pupil benefit in equation (2). Table 6 shows different values for the total per-school gain in NPV of future lifetime earnings, based on four different parameter assumptions and two data sources. We present results for more and less conservative assumptions on the causal impact of an additional year of education on wages 22 and the probability of entering formal employment, 23 and also for two different data sources used to estimate 22 A figure of 6.8 percent is the most conservative value from studies that use a quasi-experimental design to credibly estimate the causal impact of education on earnings in developing countries (Card 2001 , Duflo 2001 . A far larger value of 15.9 percent has been used for Uganda (Montenegro & Patrinos 2014 ) but the analysis is based on an ordinary-least-squared estimate using a cross-sectional data-set and so does not adequately account for selection problems. The true value plausibly falls between these two figures.
Cost Benefit Comparison
23 To the best of our knowledge, no studies in developing countries have looked at the impact of education on gaining formal employment. As an upper bound, we use our own figure, estimated when calculating the NPV of future earnings. enrollment gains. In all cases we assume a discount rate of 10 percent. 24 The red cells indicate parameter configurations where this gain is less than the per-school bonus cost of USD 2, 250.
Comparing the total per-school gain in NPV of future lifetime earnings with the per-school cost of bonus payments, we see that for six of the eight cells in Table 6 it is welfare-enhancing to pay for locally monitored teacher attendance, even before we consider the decision effect. Our preferred estimate is USD 2,722, which is higher than the school-level bonus cost of USD 2, 250. 25
For the two most conservative configurations (in red) however, κ must be positive for the program to be welfare-enhancing. In the worst case the attendance and payout effects imply a net welfare loss of USD 505. Recall that our estimate of the decision effect was −0.07. To justify paying for locally monitored performance in this most conservative case, the minimum value society must place on avoiding policy mistakes is therefore USD 505/0.07 ≈ USD 7, 214 per school or, since schools are open 180 days per year, USD 40 per school day. The Government of Uganda has stated that it aims to spend no more than UGX 150, 000 (or roughly USD 44) per school inspection (Ministry of Education, Science, Technology and Sports 2014). 26 If we take USD 44 as the Government's true valuation of information, κ, then it follows that P4LMP is welfare-enhancing even under our most conservative assumptions.
Direct Impacts on Learning Outcomes
In addition to increasing years of completed schooling, teacher attendance may also have a direct impact on student learning outcomes, as has been shown elsewhere ). These learning impacts may be of interest per se and, in principle, also provide a complementary approach to estimating welfare.
However, in our setting there are three reasons to be cautious of this approach. First, and most prosaic, there is an issue of identification: given that our sample is school-based, the differential enrollment induced by the interventions causes bounds on estimated learning impacts to be relatively uninformative. Second, placing a contextually relevant economic value on learning gains is difficult given the paucity of studies relating these to labor-market outcomes in developing countries; studies of the relationship between cognitive skills and earnings tend to be focused on OECD economies (Hanushek, Schwerdt, Wiederhold & Woessmann 2015) . Third, given a set of estimates of attainment impacts, a general problem is that these partly embody learning gains, creating a risk of double-counting those benefits. With these caveats in mind, we document briefly below what the available data show regarding impacts on learning but make no attempt to incorporate these results into our cost-benefit analysis.
We conducted independent numeracy and literacy tests at the end of the year of intervention on a
The most conservative alternative assumption is that education has no impact on the probability of entering the formal labor market.
24 A discount rate of 10 percent was used by both Ozier (2011) and Baird et al. (2015) in their welfare analysis of a deworming program in Kenya. Similarly, Dhaliwal, Duflo, Glennerster & Tulloch (2012) provide a summary of different social discount rates used in different contexts, calculated using the social opportunity cost of capital, and also conclude that 10 percent is the appropriate rate.
25 This is our preferred estimate because it: (i) uses the cohort data (and hence requires a weaker assumption on the impact of the interventions on transfers); (ii) invokes the more conservative assumption on the returns to education on wages; and (iii) applies the more plausible assumption of a non-zero impact of a year of education on the probability of gaining employment. random sample of 40 pupils in each school, 20 in grades three and six respectively. To adjust for possible sample selection bias brought on by enrollment gains, 27 we adopt a Lee Bounds approach. To calculate the lower bound, the Lee Bound estimator drops the best-performing students from the group with the lower attrition rate (in our case, the Info & Bonus arm) such that the attrition rate in each experimental arm is equal. For the upper bound the sample selection assumption is reversed, and the estimator drops the worst-performing pupils from the group with the lower attrition rate. Table 7 shows results from constructing Lee Bounds on learning outcomes, based on the 57 schools where (in a previous study) we also tested pupils prior to the intervention. 
Conclusion
Received wisdom has it that pay for locally monitored performance (P4LMP) will fail to incentivize desired behavior and will bias information for planning purposes. But simple Coasian logic suggests the reverse: P4LMP could both incentivize desired behavior and improve decision-making.
Responding to these observations, this paper set out to answer three related questions. Can P4LMP improve service delivery? Does P4LMP reduce or improve the quality of reported information for planning purposes? And what is the overall impact of P4LMP on social welfare? To answer them, we first developed a theoretical model that fleshed out the Coasian logic, and showed why, and for which parameters, the welfare-enhancing scenario exists. Next we used data collected during a field experiment in Ugandan primary schools to estimate the sign and magnitude of the key behavioral effects identified in the theory: teacher attendance, head-teacher monitoring/reporting, and the likelihood of bureaucratic policy mistakes due to either missing or false reports of teacher absence. Finally, using a welfare criterion suggested by the theory, we combined our experimental estimates with additional administrative data and the Uganda National Panel Survey to undertake a cost-benefit analysis of alternative intervention designs. The key takeaways from this analysis are that P4LMP can improve service delivery-in our case, teacher attendance-as well as the quality of information for planning purposes. Moreover, this dual objective can be met sufficiently cheaply to pass a cost-benefit test.
A natural question is whether the P4LMP model evaluated in this paper should be rolled out at scale.
It seems clear that the high rates of teacher absenteeism observed in Uganda are at least partly due to a failure of the system to provide appropriate resources and incentives for monitoring. Districts have formal responsibility for monitoring schools but are typically under-staffed with a limited transportation budget and so find it difficult to undertake regular inspections. Across Uganda there are 87 schools per inspector and so, at most, an inspector can visit each school twice a year, 29 although in practice they see schools far less. 30 Since previous research has shown that more monitoring is associated with lower teacher absence (Muralidharan, Das, Holla & Mohpal 2014) , one policy response would be for the government to transfer additional resources to districts in the hope that this translates into more school inspections.
The available evidence for Uganda indicates that this may not work however: the number of inspectors has more than quadrupled since 2008 with no evidence of improvement in teacher attendance. 31 Our results suggest a cheaper and arguably more incentive compatible alternative to district-led school inspections that makes use of cheap, readily scalable digital technology. Local monitoring and reporting by mobile phone is inexpensive to set up, simply requiring the creation of a monitoring template and central database, and costs little to run as there are no transport costs or salaries to pay to inspectors.
Rather than greater investment in traditional monitoring by district officials, the main policy response suggested by this paper is further decentralization with a scaling up of local monitoring and incentives to exploit one of the so-called "digital dividends" discussed in the 2016 World Development Report. 32
Looking beyond the education context, there are many settings where public sector organizations do (or could) rely on reports by local monitors that are costly to verify. It is therefore of interest to ask whether P4LMP will generally prove as cost-effective as it has in Ugandan primary education.
Our starting point was the observation that failures in public service delivery can be interpreted as a breakdown of Coasian bargaining. Seen in this light, the question of transaction costs becomes paramount (Dixit 1996) . Our results suggest that service delivery can be improved with P4LMP in settings where: (i) local monitoring costs are low relative to central government; (ii) the local monitor shares, at least to some small degree, the preferences of the beneficiaries; and (iii) there is a lack of transferable utility between the local monitor and agent which prohibited bargaining in the first place. When all three conditions hold, P4LMP will put transferable money on the table and could improve service delivery precisely because of (not despite) the role played by side payments. 32 Since our theory predicts that the welfare gain from P4LMP is increasing in the strength of the head-teacher's preference for teacher attendance (ε H in the model), complimentary policy efforts to recruit and retain pro-socially motivated headteachers could also prove important. Note: Columns (1) to (3) show the mean values of key baseline characteristics in the control and respective treatment arms. Columns (4) and (5) indicates the coefficients of regressing each outcome variable on the treatment dummies, controlling for district fixed effects. Columns (5) shows the difference in coefficient sizes between the two treatments. Standard errors are in parentheses. For teacher characteristics standard errors are clustered at the school level, using the Wild boostrapped resampling method. *** is significant at the 1% level, ** is significant at the 5% level and * is significant at the 10% level. Note: The data is based on independent spot-checks of teacher attendance, matched with monitor reports that were submitted for the same teacher on the same day. Column (1), and Columns (3) to (6) report regression results on posttreatment data only, estimated using equation (3) and (5). Column (2) controls for baseline attendance, based on equation (3). In Columns (1) and (2) the independent variable is teacher attendance; in Column (3) it is teacher-days where a teacher was absent but no report was submitted; in Column (4) it is teacher-days that the monitor falsely reported an absent teacher as present; in Column (5) it is the total number policy mistakes, including both false reports and teacher-days where a teacher was present but no report submitted; in Column (6) it is reported presence. The final four rows report results as they relate to the theoretical predictions of the model. Row (i) reports coefficient on (Info) treatment dummy; row (ii) reports the difference in coefficient sizes between the two treatment dummies; Standard errors are in parentheses and clustered at the school level, using the wild bootsrapped resampling method. *** is significant at the 1% level, ** is significant at the 5% level and * is significant at the 10% level. (1) is total school enrollment, and in Column (2) is a binary indicator of enrollment at follow-up for a sample of pupils tracked from the pre-intervention period. p-values reported for test of the equality of the Info and Info & Bonus treatment arms. Standard errors (SEs) are in parentheses. SEs in column (2) are clustered at the school level, using the wild bootsrapped resampling method. *** is significant at the 1% level, ** is significant at the 5% level and * is significant at the 10% level. Note: Cells report values based on different assumptions of the returns to education. Red cells indicate parameters for which the school-level estimate of the expected total pupil benefit from paying for locally monitored performance is less than the school-level bonus cost of USD 2,250. In these cells, Info & Bonus results in higher expected welfare than Info only if the social cost of a policy mistake, κ is sufficiently high. Note: Each column reports a separate regression on treatment assignment using the Lee Bounds estimator. The odd-numbered columns report results from literacy tests and the even-numbered columns report results from numeracy tests. Standard errors, clustered at the school level, are in parentheses. *** is significant at the 1% level, ** is significant at the 5% level and * is significant at the 10% level. 
20

Teacher attends in all arms
Teacher is absent in all arms
Teacher attends in Info & Bonus but is absent in Control and Info, attendance effect of bonus.
Teacher attends in Info and
Info & Bonus but is absent in Control. 
Legend:
Monitoring cost
Attendance cost
Legend:
Teacher reported present in both Info and Info & Bonus.
Attendance cost
Monitoring cost
No monitoring in either arm plus = reported attendance effect of bonus plus = payout effect of bonus plus To provide a benchmark, we begin by considering the outcome when both the teacher's cost C T and her action a are public information. We continue to restrict the set of mechanisms available to the bureaucracy to simple bonus contracts for the teacher. Since the bureaucracy observes a there will never be a policy mistake, implying that we can ignore κ.
In the status quo with no bonus scheme, the teacher will attend school iff C T ≤ δ, in which case U G = n ε P (and otherwise U G = 0). Now suppose that the bureaucracy offers to pay the teacher a bonus β if and only if she attends school. The teacher will attend iff C T ≤ δ + β, in which case U G = n ε P − β (and otherwise U G = 0). It follows that the bureaucracy will adopt the bonus scheme iff the teacher's cost takes an intermediate value: δ < C T < n ε P + δ. Specifically, for these parameter values, the bureaucracy commits to pay a bonus of β = C T − δ iff a = 1 (and otherwise nothing). Hence, in equilibrium, the teacher attends iff C T < n ε P + δ.
Appendix A.2 Analysis
Appendix A.
Control
The equilibrium outcome is straightforward to establish. The teacher cares only about her participation cost and so attends iff C T ≤ 0. The probability of teacher attendance is therefore
The bureaucracy cares only about minimizing the probability of making a policy mistake. Given its symmetric loss function, the bureaucracy will set p = 1 iff it believes the teacher is more likely to be present than absent. Anticipating the teacher's strategy, the bureaucracy deduces that the probability of teacher attendance is
and so it chooses p = 1. The probability of a policy mistake is therefore
It follows that the bureaucracy's expected payoff is
and so it chooses p = 1. The second information set is m = 1, r = 1. Anticipating teacher and monitor strategies (in particular that the head-teacher may now send a false report), the bureaucracy deduces that the probability of teacher attendance at this information set is (22) using our survey data on enrollment and administrative data on repetition. We refer to these differences as the 'averted dropouts'.
where we define net outbound transfers as µ g,t ≡ (λ g,t − ϕ g,t ). We have access to administrative data on enrollment and repetition numbers per grade per school, but do not have data on inbound or outbound transfers and can therefore only estimate:
For the difference in∆ g,t across treatment arms to provide a true estimate of the impact of the program, we need to assume that net transfers are on average the same across these arms. There is a risk of over-estimating the impact on averted dropouts, for example, if more pupils transfer to the Info & Bonus schools because of the program. Estimating averted dropouts, Approach 2 As a second strategy we can derive implied annual dropout and repetition rates from the differences in reduced-form dropout and repetition probabilities observed for the sample tracked from 2010, when the P3 pupils were first observed as part of a separate study, to 2013, when they were observed post-intervention. 35 Data are also available on the grade in 34 Results from the regression analysis estimated using equation (3) are available upon request. In these regressions, the number of observations drops from 85 to 82, because the repetition number in 2012 is missing for three schools.
35 Data on the enrollment status of this sub-sample of pupils are not available for the 2012 baseline to the present study. which these pupils were enrolled (if any). To back out annual dropout and enrollment probabilities, we make note of the fact that three academic years were completed between the time this sample of pupils was drawn to our endline survey, but that only one of these years was spent under treatment.
Let δ w denote the probability of dropout under treatment regime w, and recall from Table 5 that in the Control arm the fraction of the tracked cohort observed to still be enrolled at endline was 0.344.
The probability of dropout in the Control arm can therefore be written as Pr[Dropout|w = Control] = 1 − (1 − δ Control ) 3 ≈ 1 − 0.344. Using the balance implied by the experimental design, we can generate observed probabilities of dropout with one period of treatment exposure in either of the treatment arms w ∈ {Info, Info&Bonus}. The implied annualized dropout rates for these arms are given by setting the corresponding observed dropout probability in treatment arm w equal to
The resulting implied annual transition probabilities are given in Table C .1.
Relative to the estimates of Table 5 , dropout rates are lower since these represent annual rather than cumulative probabilities. Moreover, differences across treatment arms are exaggerated, since-by virtue of the random assignment of treatment-in expectation all observed differences are attributable to the one year under treatment.
Note that the two different methods discussed above make use of two different identifying assumptions for estimating the true difference in dropouts. The decomposition using administrative data on enrollment and repetition requires that net transfers are not different between treatment arms. On the other hand, to derive dropout rates using the tracked sample, we need to assume that outbound transfers are not affected by the interventions.
These reduced-form experimental results estimate the short-term enrollment and dropout impacts of assignment to alternative treatment regimes, providing evidence of a statistically and economically significant impact of the Info & Bonus arm relative to the Control and Info arms. With our conservative approach we assume that each averted dropout amounts to no more than one additional year of grade attainment. But what is the financial impact for those students who remain in school for one more year?
We turn to this below.
Appendix C.2 Moving from Grade Attainment to Earnings
As a final step in the welfare analysis, we place a financial value on the increase in grade attainment.
We begin by estimating the net present value of lifetime earnings, N P V s , of an individual who dropped out after reaching grade s. With the 2011/12 Ugandan National Panel Survey data, we estimate the expected lifetime evolution of wages, w s,t , for someone aged t currently residing in one of the 6 districts where our study took place, and who dropped out after completing grade s, using the standard Mincer Note: Columns (1) and (2) report regression results from equations (23) and (24) respectively. In both regressions, the sample is restricted to individuals who have obtained at most grade 7, are no longer in school, and are younger than 60 years. In Column (2) the sample is further restricted to individuals who earn a salary. Standard errors are in parentheses. *** is significant at the 1% level, ** is significant at the 5% level and * is significant at the 10% level.
earnings function (and further restricting the sample to individuals who have obtained at most grade 7 and are 60 years or younger):
ln w s,t = β 0 + β 1 e + β 2 e 2 + β 3 s + ε s,t ,
where s is years of schooling and e = t − s − 7 is the number of years of experience. 36 Since not all of our sample have formal employment, we also estimate the expected probability, P s,t , of earning a wage: 37 P s,t = α 0 + α 1 e + α 2 e 2 + α 3 e 3 + α 4 s + ε s,t .
Note that equations (23) and (24) need not make any causal claims on the returns to education. At this point we do not wish to estimate the impact of grade attainment on earnings; we merely want to estimate the right counter-factual-the expected net present value of future lifetime earnings for each level of primary school grade attainment. Table C .2 shows the results of these two regressions.
Using the predicted evolution of wages and employment probability over time,ŵ s,t andP s,t , and 36 The data do not allow us to determine the age at which someone completed a grade. So we need to assume that everyone starts school aged 7 and progresses through grades at the same rate. 37 We adopt a linear probability model specification (rather than a logit or probit) for ease of calculating the marginal impact of an additional year of education or experience on the probability of being employed. However, even though we use a linear probability model, the probability of formal employment always remains between zero and one.
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assuming that everyone stops working at age 60 and no-one repeats a grade, we can now estimate the lifetime earnings of an individual who dropped out at the end of grade s (discounting back to the year that the individual dropped out of school and joined the labor market): N P V s = t=60 t=s+7 1 1 + r t−s−7 P s,t ·ŵ s,t + 1 −P s,t · A .
To simplify the analysis we assume that there are only two sectors, formal wage employment and subsistence agriculture. We further conservatively assume that earnings from agriculture, A, do not depend on years of education and experience. 38 To estimate A, we take the average agricultural income from the sample of rural households whose main source of income is agriculture and divide this by two. 39 Next, we calculate the change in the N P V s due to one more year of education. For this, we need an estimate for the causal impact of education on wages and the probability of employment. We use 6.8 percent as a lower bound of the causal impact of education on earnings since this is the most conservative estimate from studies that credibly estimated the causal impact of education on earnings in developing countries. 40 As an upper bound we use 15.9 percent, the value calculated by Montenegro and Patrinos (2014) To the best of our knowledge, no studies in developing countries have looked at the impact of education on gaining formal employment. Therefore, as an upper bound, we use our own estimate from equation (23),α 4 = 0.008. In Table 6 , we also show results under the most conservative assumption of no impact of education on the probability of gaining formal employment.
Using these numbers, we can now calculate the welfare gain of one additional year of education for someone who would have dropped out after s years of school: ∂N P V s ∂s = t=60 t=s+7 1 1 + r t−s−7 0.068 ·ŵ s,t ·P s,t + 0.008 · (ŵ s,t − A) . (25), setting r = 10). 41 Column (3) the expected improvement in NPV due to one additional year of schooling completed (using equation 26, assuming a causal impact of 6.8 percent and 0.8 percent on wage earnings and probability of formal employment respectively). Columns (4) and (6) show the results from Section C.1: the average reduction in dropouts per grade per school, due to the introduction of financial incentives. In Column (4), this is calculated using the administrative data on enrollment and repetition; in Column (6) this is estimated using the cohort data. Finally, Columns (5) and (7) show the average financial gain per grade per school. Note: This table gives the underlying calculations for one set of parameter assumptions, and the two data sets, reported in Table 6 . Column (2) shows the NPV of future lifetime earnings, given each grade attainment, assuming a discount rate of 10%. Column (3) shows the gain in NPV due to an additional year of schooling achieved, assuming a causal impact of 6.8% and 0.8% respectively on wage earnings and probability of formal employment. Columns (4) and (6) indicate treatment effects −the average number of averted dropouts per grade per school due to the program− calculated using the two different data sets. Columns (5) and (7) show the average financial gain per grade per school. The figures of USD 3,294 and USD 2,722 are reported in first and third cells in the bottom row in Table 6 .
